Conventional methods to analyze genomic data do not make use of the interplay between multiple 19 factors, such as between microRNAs (miRNAs) and the mRNA transcripts they regulate, and 20 thereby often fail to identify the cellular processes that are unique to specific tissues. We developed 21 PUMA (PANDA Using MicroRNA Associations), a computational tool that uses message passing to 22 integrate a prior network of miRNA target predictions with protein-protein interaction and target 23 gene co-expression information to model genome-wide gene regulation by miRNAs. We applied 24
INTRODUCTION 37
The regulation of gene expression involves a compli- or miRanda [24] . We extracted tissue-specific gene 61 regulation by miRNAs, as well as miRNA functions from 62 these two collections of networks. We found that PUMA 63 consistently captures tissue-specific gene regulation by 64 miRNAs, even when using different input sources of 65 target predictions. Finally, we provide a new resource 66 of tissue-specific functions of miRNAs identified with 67 PUMA, and validate predicted tissue-specific functions in 68 a database of disease-associated SNPs in miRNA target 69 sites. 70 
MATERIALS AND METHODS

71
The PUMA algorithm 72 We developed PUMA, a regulatory network recon-73 struction method to model miRNA-target gene interac-74 tions. PUMA models these interactions by integrating 75 a regulatory prior with protein-protein interaction data 76 and gene expression data. It uses an iterative message 77 passing approach to model information flow between the 78 different data types, finding "agreement" between data 79 represented by multiple networks. 80 The method starts with a regulatory prior (W ) of 81 initial regulator-target gene interactions. These regu-82 lators can be either miRNAs or transcription factors 83 (TFs). Initial regulatory interactions can be combined 84 from multiple sources, such as miRNA-target predictions 85 (for putative interactions of mRNAs by miRNAs), a 86 TF motif scan (for estimated mRNA regulation by a 87 TF), or ChIP-Seq data (for in vivo estimates of mRNA 88 regulation by a TF). PUMA also uses a co-regulatory 89 prior (C) of target gene co-expression levels measured 90 using Pearson correlation on gene expression data, and 91 has an optional input of initial TF-TF interactions, which 92 can be based on known or predicted protein-protein 93 interactions (PPIs). These PPIs are overlayed on an 94 identity matrix that includes all regulators (i.e. all TFs 95 and all miRNAs), resulting in co-operativity prior P .
96
PUMA performs a double z-score normalization on 97 these three prior networks, and then quantifies the 98 "agreement" between the different data types using 99 a modified Tanimoto similarity score (T ) [25] , which 100 evaluates the similarity between sets of interactions in 101 two networks:
This score is used to calculate the "responsibility" , W (t−1) .j
).
(2)
In a similar manner, the "availability" (A) estimate 9 represents information flow from a target gene to a 10 regulator and is based on the level of agreement between 11 the targets of a regulator and the set of genes with which 12 the target gene is co-regulated:
(3)
The initial regulatory network (W ) is then updated 14 using an update parameter α (with 0 < α < 1):
This is followed by updating the P and C networks. 16 For each regulator (i), PUMA checks whether it matches 17 with an entry in the input list of miRNAs (q). Since the 18 only interactions a miRNA makes are through regulation 19 of their targets (they do not act in complexes with other 20 miRNAs or TF proteins), P will not be updated between 21 any miRNA-TF interactions or between miRNA-miRNA 22 interactions (except for self-interactions):
.j ] ).
We note that self-interactions in P (including those 25 among miRNAs) and C are then separately updated 26 in order for the algorithm to converge, as in 
We defined an edge with a specificity score s (t)
ij > 2 as 62 specific to tissue t and the multiplicity of an edge as the 63 number of tissues it is specific to:
To determine tissue-specific expression levels of miR-
65
NAs, we compared the median expression level (e For each miRNA in a given tissue, we selected 77 its tissue-specific targeting profile, meaning all tissue-78 specific scores connected to that miRNA. We ran a pre- We selected highly significant (FDR < 0.001) and pos-3 itively enriched (Enrichment Score > 0.65) associations 4 from these analyses and converted these scores into a 5 binary matrix. We then used fast-greedy community 6 detection [32] on this matrix to cluster the data and 7 to identify communities or network modules that share 8 tissue-specific regulatory patterns. 9 We then used the Jaccard index to compare nodes 10 (miRNA/tissues and GO terms) that belonged to com-11 munities that included at least 5 GO terms in either 12 the TargetScan or the miRanda networks. We used 13 word clouds to visualize the tissue-specific functions of 14 miRNAs in these communities. To do this, we split the 15 strings for each of the significant GO term into separate 16 words and removed words that occurred less than 3 times 17 to obtain a background list of word frequencies associated 18 with all significant GO terms. We then counted the 19 number of times a word was present in the community of 20 interest, and divided this by the total number of words 21 associated with significant GO terms in that community
22
(the "observed" rate), as well as the number of times the 23 word occurred in the background list, divided by the total 24 number of words in that background list (the "expected" 25 rate). We then calculated the observed/expected ratio, 26 multiplied this by 10, and rounded this number to an 27 integer to obtain a word occurrence score. Finally, we 28 added the word, repeating it by its word occurrence score, 29 to a list. We used this list of normalized word occurrences 30 as input in https://www.wordclouds.com/ to generate 31 a word cloud for that community. We repeated this 32 for each of the communities that included tissue-specific 33 targeting by miRNAs of at least 5 GO terms. the TargetScan prior and the other alternative based on 64 the miRanda prior.
65
We tested for tissue-specific edges in these networks. 66 We defined an edge to be tissue-specific if its weight was 67 larger than twice the interquartile range of its weight 68 across all 38 networks (see Methods). We identified 69 highly similar numbers of tissue-specific miRNA-target 70 gene regulatory edges in the networks modeled on the two 71 different priors-3.093 million and 3.098 million edges for 72 networks modeled on the TargetScan and miRanda prior, 73 respectively (see Figure 1 ). In addition, the proportion of Figure 1 . Bar plots illustrating the number of edges modeled on the TargetScan and miRanda priors. The number of elements identified as specific in each tissue is shown to the right of each bar. Tissues are ordered by the average number of tissue-specific edges. Mult.: the edge multiplicity, or the total number of tissues an edge is specific to.
described previously [15] , may, at least in part, be caused 1 by differential targeting by miRNAs.
3
We then examined the similarity between tissue-4 specificity scores for miRNA-target gene interactions 5 that were predicted by both TargetScan and miRanda 6 ("canonical" interactions), interactions that were nei-7 ther predicted in TargetScan nor in miRanda ("non-8 canonical" interactions), and edges that were predicted 9 interactions in one of the priors but not in the other 10 ("different," or inconsistent interactions). We used 11 Pearson correlation to evaluate the similarity of these 12 different types of edges. We found that, in general, tissue-13 specificity levels of edges that were canonical in both 14 priors were most reproducible, followed by edges that for the correlations separated by tissue).
41
As a negative control, we computed the correlation of group Wilcoxon signed-rank test p-value < 2.2 · 10 −16 ).
52
These results confirm that, even though we used different 53 target predictions as input for PUMA, the actual tissue-54 specific regulatory functions we obtain from analyzing 55 these networks are highly similar.
57
We tested whether similar miRNA/tissue pairs, as Figure 4A -B).
73
In both collections of PUMA tissue-networks, nine 74 communities were associated with at least five GO terms.
75
For each of these communities, we calculated the Jaccard 76 index between the two different sets of miRNA/tissue-
77
GO term associations to evaluate the overlap in mi-
78
RNA/tissue pairs and GO terms associated with the com-79 munity ( Figure 4C ). As can be seen from this figure, the LVR  LNG  MSG  SMU  TNV  OVR  PNC  PIT  PRS  SKN  ITI  SPL  STM  TST  THY  UTR ADV  ARG  ATA  ATC  ATT  BRO  BRC  BRB  BST  LCL  FIB  CLS  CLT  GEJ  EMC  EMS  HRA  HRV  KDN  LVR  LNG  MSG  SMU  TNV  OVR  PNC  PIT  PRS  SKN  ITI  SPL  STM  TST  THY that similar processes are identified as regulated in a 1 tissue-specific manner by similar sets of miRNAs in both 2 analyses. We used word clouds to visualize the biological 3 processes that were associated with these communities, 4 which allowed us to further explore these similarities.
5 Figure 4D shows that similar biological processes are 6 identified as regulated by miRNAs in a tissue-specific 7 manner in these communities. These include processes 8 involved in the immune system, mitochondrial respi-9 ration, translation initiation, chromosome segregation, 10 intracellular signaling, protein transport, and muscle 11 contraction.
12 Importantly, we can identify these communities of sim-13 ilarly regulated biological processes in networks modeled 14 using different prior target predictions. This indicates 15 that PUMA's message passing allows us to discover 16 patterns of tissue-specific regulation by miRNAs, even 17 though there may be inconsistencies in the initial target 18 predictions that we used as prior input in PUMA.
19
A resource of tissue-specific miRNA functions 20 We compiled a resource of miRNAs that regulate 21 biological processes in a tissue-specific manner. To do 22 this, we took the union of miRNA/tissues significantly 23 regulating GO terms in the TargetScan and the miRanda 24 networks (8,992 miRNA/tissue-GO terms in total). We C) Similarity (measured with Jaccard index) of miRNA/tissue-GO term associations in communities targeting at least five GO terms identified in networks modeled using the TargetScan or miRanda prior. D) Word clouds depicting communities targeting at least five GO terms. Community pairs with the highest Jaccard index are shown. We omitted TargetScan community 11 and miRanda community 10 as they each mapped to communities that corresponded to another community (6 and 4, respectively) with a higher Jaccard index.
Seven tissues received significantly more tissue-specific 48 gene regulation by miRNAs compared to all tissues 49 ( Figure 5C ). Tissues receiving most tissue-specific gene 50 regulation by miRNAs include heart left ventricle, adi-51 pose visceral, and heart atrial appendage. We do not 52 know why these tissues have a higher amount of tissue-53 specific gene regulation by miRNAs. It may be that these 54 tissues are more highly differentiated than others because 55 of the specialized functions they carry out, and so the 56 elevated miRNA activity represses extraneous functions.
57
This could be a potential new area for research. 58 miRNAs regulating tissue-specific processes are not 59 differentially expressed 60 We wanted to evaluate whether tissue-specific regula-61 tion by miRNAs was caused by tissue-specific expression 62 of those miRNAs. We identified 423 (66%) miRNAs that 63 regulate biological processes in a tissue-specific manner.
64
These regulator miRNAs were associated with 309 dif-65 ferent miRNA genes. We compared the expression levels 66 of these 309 miRNAs with those of the remaining 312 67 miRNAs, and found that miRNAs regulating biological 68 processes in a tissue-specific manner have overall higher 69 expression levels across all samples (two-sided Wilcoxon 70 rank sum test statistic = 4.35 · 10 12 , p-value=2.2 · 10 −16 ).
71
However, when comparing the tissue-specificity scores 72 of these miRNAs in the tissue in which they regulate 73 biological processes, we did not identify any association.
74
The mean tissue-specificity score (difference in median 
22
We found that the tissue-specific function of miRNAs Supplemental Table S1 . 41 These results indicate that the tissue-specific func-42 tions of miRNAs predicted using PUMA are important 43 for maintaining tissue homeostasis, and that disrupting 44 miRNA-target gene edges in the regulatory network 45 can perturb these processes, thereby influencing disease.
46
This highlights the importance of modeling genomewide miRNA-target gene regulatory networks in human 48 tissues. 50 In this manuscript, we describe PUMA, a new method 51 to model gene regulation by miRNAs. PUMA inte-52 grates target gene co-expression information with ini-53 tial target predictions, which can be obtained from 54 resources such as Targetcan or miRanda. We applied 55 PUMA to a large-scale RNA-Seq dataset from GTEx to 56 identify tissue-specific regulatory patterns of miRNAs. 57 We modeled two different collections of tissue-networks 58 by integrating gene expression data from GTEx with 59 two prior datasets-target predictions from TargetScan 60 and miRanda, two of the most widely used miRNA 61 target prediction resources. We found that tissue-specific 62 gene regulation by miRNAs was reproducible for most 63 tissues, except for testis. Potentially, the aberrant 64 gene expression pattern in testis is, at least in part, 65 caused by differential regulation by miRNAs. While 66 tissue-specificity of gene regulation was reproducible for 67 different types of edges, it was highest for edges that were 68 predicted in both priors, indicating that compendium-69 like approaches using the intersection of different miRNA 70 target prediction resources as prior data for network 71 modeling could result in more accurate results. 72 We performed high-throughput gene set enrichment 73 analyses on the tissue-specific targeting profiles of each 74 of the miRNAs to characterize tissue-specific regulation 75 of biological processes. We found that tissue-specific 76 regulation of biological processes by miRNAs was highly 77 similar in the networks modeled on different priors. We 78 highlighted biological processes that were regulated in a 
49
DISCUSSION
Whole blood
Supplemental Figure S1 . Smooth scatterplot depicting, for each tissue, the correlation of all tissue-specificity scores of networks modeled on the TargetScan and the miRanda prior. Figure S3 . Negative control for the similarity analysis of miRNA/tissue GSEA scores predicted on networks obtained from the two different priors (shown in Figure 3 ). Here, we compared tissue-specific GSEA scores for one miRNA in one specific tissue with those from the same miRNA in all other tissues, using networks modeled on the same prior-either from TargetScan (A) or miRanda (B). Supplemental Table S1 . Top results from validation analysis using miRdSNP.
